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INTRODUCTION 
Evaluation of restoration success can consist of multiple metrics and indices.  Some of the 
metrics, e.g., species diversity and ratios of native vs. exotic species, can be derived from 
extensive field surveys.  Estimation and spatial analysis of vegetation cover and abundance 
require spatially explicit vegetation maps at adequate spatial and thematic resolutions and 
precision in order to determine restoration success.   
 
Remotely sensed data sets are spatially explicit and exhaustive data sources that allow for 
mapping the full extent of vegetation at high spatial resolutions.  Depending on the spectral and 
radiometric characteristics of the sensor used, vegetation classes can be differentiated based on 
their electromagnetic reflectance properties.  To successfully apply remotely sensed data, two 
major challenges must be addressed: (1) defining a vegetation classification system and 
associated metrics that allow for evaluation of restoration or vegetation succession; and (2) 
understanding the variability in spectral response signatures associated with each class in an 
environment of seasonal and inter-annual fluctuations in water levels and phenological cycles of 
the vegetation. 
 
Spectral, radiometric, and spatial resolutions of remotely sensed data are critical in detecting 
vegetation types and vegetation change based on differences in spectral reflectance properties. 
Choice of a remote sensor with suitable spectral characteristics to distinguish vegetation classes 
limits the options for spatial and temporal resolution.  To evaluate the suitability of remote 
sensing data sets and methods when assessing restoration efforts, data and methods need to be 
evaluated in the context of specific boundaries of vegetation in a clearly defined classification 
system.  Development of a vegetation classification system suitable for remote sensing 
applications is critical.  The classification system needs to represent all classes of vegetation 
patterns and surface conditions that are present at the time when a remote sensor acquires the 
data.  Spectral reflectance patterns of a remotely sensed image grid cell are the integrated 
response of all vegetation present and, in the case of less than full canopy cover, the substrate 
makeup and condition.  Remotely sensed reflectance patterns capture vegetation co-occurrence 
patterns. The larger the focus area of detection (i.e., spatial resolution), the more mixed the 
vegetation and substrate conditions are expected to be.   
 
This project sought to establish a method to integrate and build on existing detailed vegetation 
surveys conducted on 100 m2 plots in the Hole-in-the-Donut restoration area, Everglades 
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National Park, USA.  Characterization of vegetation in survey plots is crucial to understanding 
variability in species composition at specified scales of interest.  The limitations of basing a 
classification system on surveys alone are the limited sample size and the associated non-
exhaustive class representation.  Small sample sizes will not guarantee the full range of 
variability for each vegetation type; mapping vegetation across larger heterogeneous landscapes 
requires generalization in the form of a hierarchical or non-hierarchical classification system.  A 
hierarchical system allows for scaling of classes by collapsing classes of lower hierarchical level 
into a higher level, whereas a non-hierarchical system does not assume a many-to-one 
relationship across different levels or scales.  For instance, at a specified spatial resolution, a 
species can occur as monotypic stands, but this species can also occur interspersed with other 
species across multiple coarser spatial scales.  The same species would thus be aggregated into 
more than one hierarchical level.  This many-to-many relationship cannot be easily integrated 
into existing hierarchical classification systems.  For example, Typha and Salix can occur both in 
shorter hydroperiod prairie environments and in longer hydroperiod marsh environments.  Thus, 
Salix, Typha, and mixed Salix/Typha classes cannot be aggregated to a single higher-level prairie 
or marsh.   
 
In this project, we opted for a non-hierarchical classification system that allowed species 
presence across multiple classes, which reflected the data collected in field plots.  Species 
occurred across multiple classes and assemblages of species occurred across multiple larger 
landscape units; they were, therefore, best modeled as non-hierarchical classes.  Spatial 
aggregation to larger landscape units was used to determine aggregation rules and class names 
for different spatial scales based on relative cover of classes across the coarser units.     
METHODS 
This project focuses on vegetation detection and spatially explicit monitoring for restoration 
areas in the Hole-in-the-Donut (HID) restoration area within Everglades National Park (ENP) 
using multi-spectral remote sensing data.  A pilot project for methods development was 
previously conducted for five contiguous restoration areas (approximately 1,481 acres) in the 
south-western region (SW) of the restoration project (restoration areas: Res1989, Res1997, 
Res1998, Res2003, and Res2004West) (Figure 1).  The methods developed were applied to new 
data and more restoration areas.  The study area comprised a total of 3,848.4 acres, including all 
restoration areas within the HID that had been scraped more than 6 years before data were 
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acquired for the earliest image in 2010 (Table 1). This ensured that sufficient time had elapsed to 
identify vegetation communities. 
   
Contiguous restoration areas delineated by canals and roads were mapped as one area despite the 
fact that restoration started in different years, based on the rationale that succession of 
communities occurs under similar hydrological conditions within the same sub-basin and will 
converge after a sufficiently long period of time.  The four restoration sub-regions we identified 
were (1) the south-west region (SW) comprised of Res1989, Res1997, Res1998, Res2003, and 
Res2004W; (2) the south-central region (SC) consisting of Res1999, Res2000, and Res2001; (3) 
Res2005; and (4) Res2004E, which is divided by a road but was mapped as a single area since 
both adjacent parts had been scraped at the same time (Table 1). 
      
The process for detecting vegetation for the four restoration regions was: 
 
 Data acquisition and pre-processing of World View 2 (WV2) data 
 Evaluation of reference data and classification scheme 
 Establishment of modified classification scheme suitable for detection of vegetation at 
the 2-m resolution of WV2 data 
 Establishment of classification training set and classifiers by region (iterative)  
 Model-based, cross-validated, class-specific, and overall accuracy estimation by region 
 Design-based accuracy assessment across all regions 
 Class abundance calculations 
 Elevation analysis by vegetation class across all regions 
 Scaling of vegetation map to survey plot resolution 
 Comparison of scaled mapped vegetation types to plot survey vegetation classes 
Data acquisition, pre-processing, and evaluation 
Multiple WV2 data sets that were almost cloud-free were acquired, then geometrically and 
atmospherically corrected.  Cloud-free data encompassing all restoration areas within the HID 
boundaries were acquired on November 6 and 9, 2010. Data for part of the HID were also 
acquired on November 19, 2012, and September 22, 2013 (Figure 1). Table 1 shows the 
combination of images used for each sub-region.  For atmospheric correction, we selected 
atmospheric and aerosol models for all images based on temperature, humidity, and horizontal 
visibility (as reported at http://www.wunderground.com).  The variables considered for 
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vegetation class detection included: calibrated percent reflectance values for all eight spectral 
bands and textural variables of local data range and mean within a 3x3 kernel surrounding the 
centroid.   
 
Atmospheric correction and texture layers were generated in ENVI, using the FLAASH (Exelis 
Visual Information Solutions 2013);  texture layer mean and range were generated with the 
occurrence-based filters.  All 24 data layers per image were stacked in R (R Development Core 
Team & R Core Team 2013) and the Normalized Difference Vegetation Index was calculated 
and stacked as the 25th variable.  For each sub-region we stacked a November image (2010 or 
2012 where available) and the September 2013 image, for a total of 50 variables.  Some areas in 
region SC and Res2005 had some cloud cover.  Clouds and cloud shadows were masked and 
vegetation class was predicted for the masked area from the cloud-free November images only. 
Reference data and vegetation classification scheme 
Floravista, Inc. provided reference data for vegetation occurrence that consisted of species level 
cover estimates of 10 x 10 m field plots that had been surveyed for vegetation and for which a 
plot level oblique photograph was available.  We based the vegetation classification scheme on 
the field species abundance survey (plot level data) class labels that were assigned by Floravista 
using cluster analysis, and on plot photographs.  Labels derived from cluster analysis were not 
always representative of the photographs and vegetation survey and were rarely applied directly.  
We assigned plot labels following the South Florida Natural Areas Vegetation Classification 
(SFNAVC) system (Rutchey et al. 2006).  Since not all vegetation types within the restoration 
areas were represented by survey plots and the hierarchical nature of the SFNAVC was too 
limiting for the HID communities, we revisited the classification scheme and considered a 
vegetation classification scheme with general classes that were exhaustive to account for the 
vegetation presence across the full study area.  The goal was to establish classes that allow for 
evaluation of restoration success and detection of nuisance species that occur in monotypic 
stands or patches. 
 
To capture vegetation classes that were not sufficiently represented in the plot surveys, we used 
field sampling, selecting locations based on spectral signature variability.  We included samples 
in different restoration areas to cover the widest possible range of spectral signature variability 
by visually inspecting multiple 3-band combinations of the raw remotely sensed data and the first 
three principal components of each stacked spectral dataset.  For each location we assigned 
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vegetation class labels representing a radius of 4 m around the pixel to account for image 
registration accuracy of 1 pixel.  Vegetation type was assigned based on dominant species 
presence and density.  At most field sites visited, we also acquired nadir and oblique photographs 
of the site and the surrounding environment, which were used in selecting training samples for 
the classifier evaluation.  We visited the SW region and Res2004E three times each while 
gathering information for 184 and 125 sample locations respectively.  In the SC region we 
collected data for 29 locations during two field visits.  Due to lack of resources and time we did 
not visit Res2005. 
 
We evaluated the signatures and field records and developed a classification system that 
corresponded to the spatial scale of vegetation detection (4 m2).  The classes included in the final 
classification scheme were: short hydroperiod graminoid wet prairie (regular and sparse), long 
hydroperiod graminoid marsh (regular and sparse), and herbaceous marsh that included emergent 
broadleaf vegetation patches.  We also included a general scrub and shrub class, a shrub-tree 
mix, and a trees class (Table 2).  At the species and genus level we recognized Typha 
domingensis, Cladium jamaicense, Eleocharis spp., and Salix caroliniana (Table 2).  
 
Taxodium occurred in small patches in several restoration areas, but was neither dominant nor 
frequent enough to be included at the species level; it was absorbed in the shrub and tree classes.  
Trees (Pinus spp.) were only detected in Res2005.  To differentiate upland Salix shrub with 
graminoid understory from lower, herbaceous marsh-dominated understory, we introduced a 
Salix caroliniana + herbaceous marsh class (Table 2).  Some classes, although present in a 
specific sub-region, might not have been included for that region because there were either 
insufficient training samples or the abundance was encountered at less than 1% across the region.  
All classes and approximate cross-walks to the SFNAVC are presented in Table 2.  
Classifier establishment and evaluation 
Classifier establishment was an iterative process of training-sample selection; classifier 
establishment; model-based cross-validated accuracy assessment; full dataset classification; and 
visual assessment of probability maps and cumulative probability distribution graphs by class 
which were provided for each map region for every iteration.  We repeated this routine until 
class-specific accuracies did not change drastically and a visually evaluated set of random 
samples across the entire landscape was satisfactory.  Training samples were selected based on 
field survey data and recognition of classes from aerial photography.  Training samples were 
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digitized in ArcGIS linked to DATEM stereoscopic aerial photo plotter software.  The 2009 
stereo imagery was acquired in April 2009 from the Comprehensive Everglades Restoration Plan 
(CERP). Dynamac provided RGB-NIR aerial photography acquired in 2010.  We used random 
forest classifiers (Breiman 2001; Liaw & Wiener 2002; Svetnik et al. 2003) to establish 
vegetation class-specific decision rules.  
 
We used the cross-validated confusion matrix of the random forest model (Breiman 2001; Liaw 
& Wiener 2002; Svetnik et al. 2003) with the highest overall accuracy to evaluate the accuracy 
of the classification.  Between each iteration, we included spectral boundary pixels between the 
confused classes for the next iteration.  We used R (R Development Core Team & R Core Team 
2013) in a parallel processing environment (Revolution Analytics & Weston 2013) to conduct 
the iterative classification process.  We evaluated all variable combinations of atmospherically 
corrected spectral and textural bands, where the criteria for optimal variable selection and model 
were determined through backwards feature selection based on predictor importance ranking 
(Kuhn & Team 2014).  All predictors were ranked and sequentially eliminated until the optimal 
set was used to establish the classifier model.  The final classifier was used to predict vegetation 
class and maximum class probability.  Overall accuracy, Kappa statistic, and omission and 
commission errors were recorded. 
 
We estimated the classification accuracy for the separability of the classes based on the provided 
training set (model-based), and for the final map product based on stratified random samples 
across the entire combined mapped area of all regions (design-based).  The model-based 
accuracy provides an estimate for classification accuracy and confidence of the process; it is 
reported for the final processed iteration.  The design-based assessment provides an accuracy 
estimate at a specified confidence for the map product.  The two estimates are independent of 
each other and are both necessary and useful in the analysis and confidence building of the 
detection process (model-based accuracy) and the final map (design-based).  If a training set 
consists of pure samples but does not account for the full variability in the class spectra, design-
based classification accuracy will overestimate map accuracy.  If a large proportion of training 
samples were extracted in spectral boundary conditions and locations of mixed classes, overall 
and class-specific accuracy estimates derived from the model-based estimates will underestimate 
map accuracies.  Therefore, an independent design-based accuracy assessment is required to 
estimate the user-map accuracy, the probability that a pixel classified as a specific vegetation 
class is in fact that class on the ground.            
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We performed a design-based accuracy assessment for all vegetation classes aggregated to the 
major classes graminoid marsh, graminoid prairie, herbaceous marsh, scrub/shrub, shrub/tree, 
and bare ground while maintaining Salix and Typha, the two species-specific classes of interest 
(Table 2).  Salix with herbaceous marsh understory was grouped with Salix (Table 2).  We 
estimated accuracies from a stratified random sample design, where the number of stratified 
random samples per class was determined based on a multinomial distribution with an expected 
accuracy of 95% and an accuracy confidence (precision) of 95% and a majority class with 64.4% 
(graminoid prairie) (Congalton & Green 1999; Jensen 2005).  All 504 samples (63 per class) 
were evaluated from 2009 stereo photography and 2010 aerial photography.  Overall accuracy, 
Kappa estimate, and class specific omission and commission error were generated from the 
confusion matrix. 
Class abundance estimation and nuisance classes  
The final predicted map for each mapped region was aggregated with a morphological filter that 
aggregates contiguous pixels (four neighbors) of the same class based on a minimum mapping 
unit (MMU).  This morphological filter eliminates spurious single cells or small patches of sizes 
less than the MMU.  We chose an MMU of 12 m2 or three contiguous pixels and performed the 
aggregation analysis with a morphological filter tool developed as a Python script in ArcGIS. 
 
Vegetation cover estimates are reported in acres and in percent for the entire mapped HID area 
and by restoration area, and by aggregated nuisance classes corrected for bias calculated from the 
accuracy assessment’s class-specific omission and commission error estimates.  Bias was 
calculated by subtracting omission error from the commission error, which gave a net bias 
estimate.  We adjusted tabulated coverage areas of the nuisance classes for each restoration area 
by subtracting the product of the bias and the nominal mapped cover acreage.  Since the 
recommended maximum cover of nuisance classes was 15% for all mapped restoration areas, the 
combined adjusted percent estimates for Typha and Salix + scrub/shrub were subtracted from the 
15%.  If the number was negative, the restoration area had a nuisance cover greater than 
recommended for the time since restoration started. 
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Classification scaling to plot level data and classification comparison 
We compared vegetation map and plot survey information in two ways.  Relative abundance for 
each 100 m2 survey plot from the classified vegetation map was calculated and class labels were 
assigned to each plot based on the three dominant vegetation classes that were present at a 
minimum of 10%.  SFNAVC classes were assigned to each 100 m2 plot according to dominance 
and established class-cross-walk (Table 2).  Plot labels based on the remote sensing analysis 
were then cross-tabulated with the re-labeled plot classes (re-labeled for consistency with 
photographs and vegetation survey dominance).  Results are reported for entire mapped HID area 
and by restoration area. 
Vegetation elevation gradient 
To evaluate the vegetation representation along the elevation gradient across all restoration areas, 
we extracted elevation data for each mapped vegetation pixel from a digital elevation model of 1 
m spatial resolution.  Dynamac provided the gridded surface in meters as reference to NAVD 88.  
Elevation summary statistics by class and region were generated in R and are presented in 
tabular format and as violin plots (Adler 2005). 
RESULTS 
Vegetation detection accuracies  
Model-based overall accuracies for the last iteration of classifiers for regions SW, SC, Res2005, 
and Res2004E were 79.1%, 81.3%, 67.3% and 80.7% respectively across all 14 vegetation 
classes.  When aggregated to Typha, Salix + scrub/shrub (Salix s/s) vs. all other marsh and prairie 
classes, overall model-based accuracy increased to 87.4%, 94.8%, 84.2%, and 91.6% for regions 
SW, SC, Res2005, and Res2004E respectively. 
 
The design-based accuracy assessment estimates the overall accuracy across all aggregated 
classes (Table 2 Agg. Class) for all restoration areas as 93.3% with a Kappa estimate of 92.3% 
(Table 3).  When classes were aggregated to the nuisance classes Typha, Salix s/s vs. all other 
marsh and prairie classes, overall accuracy increased to 95% (Table 4).  Typha had an omission 
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error of 4.8% and a commission error of 21.1%, which equates to a bias of overestimating Typha 
presence by 16.3% (Table 4).  Salix s/s on the other hand had an omission error of 7.1%, and a 
commission error of 4.1%, underestimating the presence of that class by 3.0% on average across 
all regions (Table 4). 
Class distribution by restoration area 
The most abundant class detected across all restoration areas was graminoid prairie, with an 
estimated cover of 2,414.1 acres with sparse graminoid marsh adding another 66.2 acres (Table. 
5) equating to a total of 64.4% (Table 6).  Graminoid prairie was followed by all graminoid 
marsh classes, which together with sparse graminoid marsh accounted for 19.1% of the area 
(739.2 acres).  Class cover for all classes across and by all restoration areas are presented in acres 
(Table 5), percentages (Table 6), and error adjusted estimates (Table 7).   
 
Nuisance class Typha has the highest cover in Res2004E with 75 acres or 11.3% (adjusted: 
9.5%) (Tables 5-7, Figure 5).  The area with most abundant Salix s/s classes is Res2005, with 
183 acres or 18.3% (adjusted: 18.9%) (Tables 5-7, Figure 4) followed by Res1997 with 21 acres 
or 11.1% (adjusted: 11.4%) (Tables 5-7, Figures 2).   
 
When including class-specific detection errors of omission and commission, the combined 
adjusted percentage of nuisance classes exceeds 15% in Res2005 only.  Typha (1.7%) and Salix 
s/s (18.9%) have a combined share of 20.6%, exceeding the threshold by 5.6% (Table 7).  The 
three areas that have between 10% and 15% of nuisance cover are Res1997 (Typha 2.3% + Salix 
s/s 11.4% = 13.7%), Res2003 (Typha 3.3% + Salix s/s 8.2% = 11.5%) and Res2004E (Typha 
9.5% + Salix s/s 1.4% = 10.9%) (Table 7). All other restoration areas had a maximum percent 
cover of nuisance classes below 10% (Table 7).  Across all 10 restoration areas the adjusted 
cover of Typha (3.1%) and Salix s/s (8%) account for 11.1% (427.3 acres) (Table 7). 
Comparison of plot survey data and scaled detection results 
When we compared survey data at the plot level and remote sensing class detection results, we 
found that the overall agreement of classes was 89.3% with a Kappa estimate of 85.9% (N = 
390) (Table 9).  The greatest agreement value by class (100%) was found for herbaceous swamp 
scrub (CSH), Typha (MFGt) and woodland (W).  The least agreement was found for the four 
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shrubland class (S) plots. Only two sites were classified as shrubland (50% agreement), one plot 
as graminoid swamp scrub (CSG) and one plot as graminoid freshwater prairie (25%). 
Graminoid swamp scrub was classified twice (20%) as graminoid swamp prairie (CSGP) and 
once (10%) as freshwater marsh (MF) (Table 8).  Herbaceous freshwater marsh (MFH) was 
classified once (20%) as freshwater marsh (MF); CSGP 16% (11/69) as MFGP; and MFGP 3% 
(5/165) as CSGP (Table 8). 
 
When comparing agreement across restoration areas, the greatest class agreement values for all 
plots were for Res2000 (100%, N = 20), Res2004E (97.1%; N = 70), and Res1999 (95%; N = 
20).  The least agreement was found for Res1998 (72.7%, N = 11), Res1997 (77.8%, N = 18), 
and Res2005 (79.2%, N = 118), respectively. 
Vegetation elevation gradient distribution 
Elevation data ranges from -1.17 to 1.08 m.  The full range is occupied only by the vegetation 
class Typha, which has a maximum density at 0.21 m and a median of 0.15 m (Table 10, Figure 
6).  There is substantial overlap across all marsh classes, and across the prairie and shrub and tree 
classes (Table 10, Figure 6).  Shrubs and trees have the highest maximum density of all classes at 
0.57 m, which coincides with the median (Table 10, Figure 6). 
 
DISCUSSION AND TECHNICAL RECOMMENDATIONS 
Accuracy of vegetation detection 
The design-based accuracy assessment indicates that the method developed provides a good tool 
to map the 16 vegetation classes of interest in restoration areas with different restoration 
histories.  In the case of the SW region, high accuracies were achieved even when training 
samples were digitized and pooled across all restoration areas in that region; these areas have a 
restoration time frame ranging from 6 to 21 years since scraping.  This accuracy implies that 
mapping vegetation classes across even larger areas of the HID at least 6 years old or older might 
be possible and that the addition of samples from other restoration areas more than 5 years old 
might be possible without reduction in accuracy.   
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If remotely sensed data were acquired at the same dates across the full HID area, a single 
detection algorithm could be applied, but since extracted signatures can only be applied to the 
data from which they were extracted, it was only possible to pool several restoration areas 
together.  Areas 2005 and those in the SC region were also treated separately because of cloud 
cover in the September 2013 data set.  Regions were also mapped individually due to the 
processing time of large data cubes; to efficiently evaluate classifiers and adjust training sets, 
smaller areas can be assessed more rapidly.   
 
The number of iterations and fine-tuning of classifiers are highly dependent on good training 
samples, which have been acquired for the SW region, Res2004E and the SC region. The lack of 
field visits to Res2005 are reflected in the lower classifier accuracies, as well as the design-based 
accuracy assessment.  The class errors are expected to be lower than reported for the full extent 
of the mapped area.  Restoration areas in the SW region had an overall accuracy of 95.5% (error 
rate 10/224 = 4.46%), SC 93.5% (error rate 2/31 = 6.45%), Res2004E 93.9% (error rate 6/99 = 
6.06), and Res2005 with 89.3% (error rate of 16/149 = 10.74%).   
 
There is still potential for improvement of the model-based accuracy for all classes across all 
mapped regions, particularly in Res2005, which would benefit from rigorous and systematic field 
sampling.  Res2005 was also the only restoration area for which we did not have a bi-temporal 
data set.  Class accuracy will increase with high quality ground reference data and inclusion of a 
second data set.   
 
The design-based map accuracy is very high and is considerably higher than the model-based 
estimates.  The reasons for the accuracy difference are two-fold.  The number of training samples 
selected in order to establish class-specific boundary conditions is relatively large when 
compared to the number of unambiguous samples.  Especially for classes that are of interest at 
the species level but that occur highly interspersed among other classes, such as Typha-a marsh 
graminoid class-and Salix-a shrub, selection of pure pixels that exclude the other species was 
more limited, which led to higher confusion, and therefore, lower model-based detection 
accuracies.  Map accuracy in those cases is, therefore, underestimated if only model-based 
accuracy is considered. 
 
Design-based map accuracy is a spatially explicit measurement.  If only the percent cover of 
vegetation classes per restoration area is of interest, then there is no bias if errors of commission 
and omission for a class are equal.  Conversely, if spatially explicit accuracy of maps is of 
importance, e.g., for treatment of nuisance species and exotics, then low errors of omission and 
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commission are essential.  Reduction of those errors can be achieved by increasing training 
sample intensity and inclusion of data from times when the confused vegetation types display a 
more distinct spectral reflectance pattern.  
 
Classification accuracy could be further improved if, instead of using bi-temporal data for the 
same season, as used in this project, bi-seasonal WV2 data could be considered.  We included 
data for September and November, which helps with vegetation types whose phenological cycles 
differ for those 2 months. If a set of images acquired during the peak dry season was included, 
the differences for more vegetation types could be captured.  Previous studies conducted within 
the Everglades natural wetland environment demonstrated that the combination of 
November/December and April/May signatures greatly improved the accuracy by, on average, 
5%.  In particular, species and vegetation types that have a very distinct seasonal spectral signal 
due to the phenological cycle benefit from the bi-seasonal signature (Gann et al. 2012).  For 
instance, in the HID the November data set captured most Salix caroliniana with leaves off; the 
spectral signature was mainly driven by the understory, which allowed for the introduction and 
distinction of an herbaceous understory class from an understory dominated by graminoid 
prairie.  The confusion of Salix with the graminoid wet prairie class in particular could be 
reduced by use of an additional dry season image. At that time, most Salix shrubs have a closed 
canopy with new leaves that reflect higher in the near-infrared portion of the electro-magnetic 
spectrum than the wet prairie understory does.   
 
Confusion between classes could be further reduced if height of the vegetation was considered in 
the classification process.  Vegetation height information is currently incorporated only in the 
training and accuracy assessment process by utilizing stereo photography.  For instance, height 
estimates of vegetation using Light Detection and Range (LiDAR) data could reduce confusion 
errors between scrub, shrub and tree cover, and tall and short graminoid species significantly 
(Lefsky et al. 2002). 
 
The collection of field reference data is time-consuming, especially during the wet season when 
high water makes it very difficult, even impossible, in some areas.  The selection of sampling 
locations was driven by spectral signatures, but could be further informed by very high 
resolution imagery acquired by unmanned aerial systems in the form of fixed-wing systems 
(Gann & Richards 2013), balloons (http://cake.fiu.edu/ALTA/) or multi-rotor helicopters.  The 
use of UAS-acquired data would probably increase the cost, but the permanent high resolution 
aerial record of the full restoration area would be useful in training and map validation and could 
be further used in change detection validation between monitoring cycles.   
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Recommendations:  
 
- Assess suitability and increase in classification accuracy when incorporating hydrological 
data (long-term hydroperiod variables) in the classification process and variable 
importance evaluation. (Low cost.) 
- Acquire wet and dry season images for years when field surveys are scheduled. 
(Relatively low cost, but cloud cover is unpredictable.) 
- Acquire LiDAR data for years when field surveys and WV data are scheduled. (Medium 
cost.)  
 
The training sample selection process needs to be informed by multiple field visits with simple 
but necessary vegetation class surveys or with spatially extensive very high resolution aerial 
photography (unmanned aerial systems). (Medium cost) 
MANAGEMENT CONSIDERATIONS 
Use of remote sensing products 
Maps and summary statistics as a result of remote sensing provide two good estimates that 
cannot be provided by plot surveys. 
 
 Upper and lower estimates of percent cover of each mapped vegetation class by 
restoration area can be used to evaluate restoration success and fulfillment of mitigation 
criteria. Confusion matrices and associated accuracy estimates allow for flexible 
aggregation of classes and their cross-class classification errors.  This enables 
differentiation of serious from non-critical misclassifications.  For example, it is a less 
serious misclassification to classify Eleocharis marsh as general graminoid marsh or 
Cladium marsh, than to misclassify either of these as Typha.  Graminoid prairie and 
graminoid or herbaceous marsh confusion is not as serious as confusing either with Salix 
or other undesirable scrub and shrubland.    The classification scheme consists of non-
hierarchical classes that can be aggregated easily in different dimensions.  For instance, 
the graminoid prairie and marsh classes could be aggregated by density if biomass and 
fuel calculations were to be derived.    
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 Maps not only provide areal coverage but also spatially explicit location of monotypic 
stands of nuisance species, such as Typha and Salix. This is especially useful for strategic 
treatment efforts to reduce coverage of those species.  Cost can be calculated based on 
areal cover estimates, and distance to access roads can be considered when determining 
priority areas for treatment.  Maps allow for very precise planning and application of 
herbicide treatment. 
Evaluation of restoration success – methods comparison 
 Monitoring restoration trends can include multiple methods in order to answer different 
questions.   Each method has its advantages and limitations, and should, therefore, not be 
evaluated as competing but as complementary methods to capture different aspects of 
monitoring.  With increasing heterogeneity in vegetation composition and area, the 
sampling effort must increase in order to capture all major associations at a specific scale.  
If vegetation classes are established and areal or proportional estimates are to be inferred 
from the samples, survey locations must be randomly selected and sufficient in number, 
so that they do not bias the estimated abundance of all classes and ensure sufficient 
statistical power.  Inference is exclusively based on statistical sampling theory.   
 
 Vegetation cover estimates based on remotely sensed data also rely on statistical 
evaluation of data. However, data are gathered systematically and evaluated for the full 
extent of the restoration area, which reduces the uncertainty of abundance estimates. As 
indicated in the previous section, the main advantages of remote sensing are abundance 
estimates with lower and upper bounds and, also, spatially explicit locations of nuisance 
species.  Monitoring expansion or spread of these species is possible if remote sensing is 
regularly incorporated into a monitoring plan. 
 
 Inventory of species occurrence and co-occurrence within a restoration area can only be 
obtained with field surveys, unless a species occurs in monotypic stands.  Vegetation 
surveys are necessary for complete species inventories and diversity estimates, and are 
the foundation for full extent mapping of vegetation and community or habitat classes.  
 
 When establishing new survey plots for a restoration survey soon after scraping, 
hydroperiod gradients could provide strata to sample survey plot locations.  As plant 
communities form over time, remote sensing could improve ground-based vegetation 
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monitoring and placement of additional survey plots, in order to present a more complete 
diversity and inventory of species within the restoration area.  Maps derived from 
remotely sensed data can inform the sampling process by providing the strata by which 
new survey plot locations would be sampled.  Inclusion probabilities of each sample are 
then known and species-level abundance estimates could, therefore, be inferred from the 
samples.  Spatially explicit occurrence probabilities of species would still require map 
products derived from remotely sensed data.   
 
 Remote sensing can contribute to a long-term monitoring process of restoration progress. 
A time series of snapshots every 3-5 years (bi-seasonal data for each year) would allow 
for a trend analysis.  Trend descriptions in terms of percentage increase or decrease of 
herbaceous marsh, graminoid marsh, graminoid prairie, shrub, swamp forest or 
woodland, and their associated monotypic nuisance species could inform management 
decisions and interventions.   
 
 Map accuracy (design-based evaluation) in this project was established for the entire 
mapped area across all restoration areas. Upper and lower bounds of vegetation 
abundances were calculated with the assumption that classification error is uniform 
across all restoration areas.  This is not necessarily the case, and a restoration-area-
specific accuracy assessment with a stratified random sample of all classes by restoration 
area could provide more precise estimates on lower and upper abundance calculations by 
restoration area, but this was not feasible with the allocated budget and time frame. 
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TABLES AND FIGURES 
Table 1.  The ten restoration areas mapped by region.  The total mapped area is 3,848.4 acres. 
Restoration 
Region 
Restoration 
Area 
Size in 
Acres Date of WV2 Data 
SW 
1989 51.84 
Bi-temporal data of 
November 6 & 9, 2010, 
and September 22, 2013 
1997 188.39 
1998 161.01 
2003 911.60 
2004W 169.34 
SC 
1999 133.78 
Bi-temporal data of 
November 19, 2012, and 
September 22, 2013 
2000 240.63 
2001 332.53 
2004E 2004E 659.67 
2005 2005 999.61 
Uni-temporal data of 
November 19, 2012 
Total  10 areas 3,848.41   
 
Table 2.  Vegetation classification scheme applied by region. Aggregated (Agg.) class schema and 
South Florida Natural Area Vegetation Classification cross-walk.  Cross-walk is not a one-to-one 
relationship.  The closest applicable classes were chosen in context of the analysis when scaling 4 m2 
vegetation to 100 m2 minimum mapping unit.  
 
SFNAVC Class Abbr. Class Name SW SC 05 04E Agg. Class
MFG gM Graminoid Marsh x x x
MFO gM_sp Graminoid Marsh (sparse) x x x x
MFGc gM_Clad Cladium jamaicense  Marsh x
MFGe gM_Eleo Eleocharis ssp.  Marsh x
MFGt gM_Typh Typha domingensis x x x x gM_Typh
MFGP gP Graminoid Prairie x x x x
MFPO gP_sp Graminoid Prairie (sparse) x x x
MFH hM Herbaceous Marsh x x x x hM
S/CS s Shrubs + Scrub x x s
Ss s_Sali Salix caroliniana x x x
CSH/CSWP s_Sali_h Salix  + Herbaceous x x
F/W/S st Shrubs and Trees x x x x
W/F t_Pinu Pinus elliottii x
MFO/MFPO bg Bare Ground x x x bg
Total number of classes 9 9 12 9 8
gP
s_Sali
st
gM
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Table 3.  Design-based class detection accuracy at the aggregated class levels across all restoration 
 
N = 504; 63 per class. 
 
Table 4.  Aggregated detection accuracy for Typha and Salix + scrub/shrub vs. all other marsh and prairie 
classes. 
   
Class Name G
ra
m
in
o
id
 M
a
rs
h
T
yp
h
a
 d
o
m
in
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en
si
s 
M
a
rs
h
H
er
b
a
ce
o
u
s 
M
a
rs
h
G
ra
m
in
o
id
 P
ra
ir
ie
S
cr
u
b
 /
 S
h
ru
b
s
S
a
li
x
 c
a
ro
li
n
ia
n
a
S
h
ru
b
s 
/ 
T
re
es
B
a
re
 G
ro
u
n
d
Σ C
o
m
m
is
si
o
n
 E
rr
o
r
Graminoid Marsh 58 0 0 0 0 0 0 0 58 0.0%
Typha domingensis Marsh 5 60 3 1 6 1 0 0 76 21.1%
Herbaceous Marsh 0 0 58 1 0 0 0 0 59 1.7%
Graminoid Prairie 0 2 1 59 0 2 4 0 68 13.2%
Scrub / Shrubs 0 1 0 0 57 0 0 0 58 1.7%
Salix caroliniana 0 0 0 0 0 60 2 2 64 6.3%
Shrubs / Trees 0 0 1 2 0 0 57 0 60 5.0%
Bare Ground 0 0 0 0 0 0 0 61 61 0.0%
Σ 63 63 63 63 63 63 63 63 504
Omission Error 7.9% 4.8% 7.9% 6.3% 9.5% 4.8% 9.5% 3.2% OA
Class Accuracy 92.1% 95.2% 92.1% 93.7% 90.5% 95.2% 90.5% 96.8% 93.3%
Class Name T
yp
h
a
 d
o
m
in
g
en
si
s 
M
a
rs
h
S
a
li
x
 c
a
ro
li
n
ia
n
a
O
th
er
Σ C
o
m
m
is
si
o
n
 E
rr
o
r
Typha domingensis Marsh 60 7 9 76 21.1%
Salix caroliniana 1 117 4 122 4.1%
Other 2 2 302 306 1.3%
Σ 63 126 315 504
Omission Error 4.8% 7.1% 4.1% OA
Class Accuracy 95.2% 92.9% 95.9% 95.0%
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Table 5.  Vegetation class distribution by restoration area in acres.  
 
 
 
 
 
 
 
  
Class Abbr. Class Name
1
9
8
9
1
9
9
7
1
9
9
8
1
9
9
9
2
0
0
0
2
0
0
1
2
0
0
3
2
0
0
4
E
2
0
0
4
W
2
0
0
5
T
O
T
A
L
gM Graminoid Marsh 8.4 7.6 28.1 0.0 188.0 103.7 335.9
gM_sp Graminoid Marsh (sparse) 0.0 5.1 13.0 0.6 2.5 1.1 5.2 150.0 43.2 7.5 228.3
gM_Clad Cladium jamaicense Marsh 27.8 27.8
gM_Eleo Eleocharis ssp. Marsh 147.2 147.2
gM_Typh Typha domingensis 3.2 5.3 1.6 0.1 0.1 0.1 35.7 75.0 2.6 20.2 143.7
gP Graminoid Prairie 40.6 148.1 128.0 118.9 212.4 271.5 762.8 39.1 78.3 614.6 2,414.1
gP_sp Graminoid Prairie (sparse) 0.1 0.0 0.0 0.7 9.8 24.3 1.1 0.0 0.1 30.2 66.2
hM Herbaceous Marsh 6.6 8.1 14.4 4.7 7.5 4.6 27.0 25.1 10.0 33.0 140.8
s Shrubs + Scrubs 8.7 113.6 122.3
s_Sali Salix caroliniana 0.9 14.7 0.3 1.0 0.2 0.6 49.7 3.8 43.7 114.9
s_Sali_h Salix + Herbaceous 0.3 6.1 2.0 22.8 3.5 26.0 61.7
st Shrubs and Trees 0.1 0.4 0.8 0.1 0.0 0.2 5.5 0.0 0.0 3.8 10.9
t_Pinu Pinus elliottii 0.6 0.6
bg Bare Ground 0.0 0.6 0.9 0.0 0.6 0.2 2.0 27.8 2.8 35.0
TOTAL 51.9 188.4 161.0 134.5 240.6 330.7 911.7 660.9 169.2 999.6 3,849.4
20 
 
Table 6. Vegetation class distribution by restoration area in percent. 
Class Abbr. Class Name
1
9
8
9
1
9
9
7
1
9
9
8
1
9
9
9
2
0
0
0
2
0
0
1
2
0
0
3
2
0
0
4
E
2
0
0
4
W
2
0
0
5
T
O
T
A
L
gM Graminoid Marsh 6.3 3.2 8.5 28.4 10.4 8.7
gM_sp Graminoid Marsh (sparse) 0.1 2.7 8.1 0.4 1.0 0.3 0.6 22.7 25.5 0.8 5.9
gM_Clad Cladium jamaicense Marsh 4.2 0.7
gM_Eleo Eleocharis ssp. Marsh 22.2 3.8
gM_Typh Typha domingensis 6.1 2.8 1.0 0.1 0.0 0.0 3.9 11.3 1.5 2.0 3.7
gP Graminoid Prairie 78.3 78.6 79.5 88.4 88.3 82.1 83.7 5.9 46.2 61.5 62.7
gP_sp Graminoid Prairie (sparse) 0.2 0.0 0.0 0.5 4.1 7.3 0.1 0.1 3.0 1.7
hM Herbaceous Marsh 12.8 4.3 8.9 3.5 3.1 1.4 3.0 3.8 5.9 3.3 3.7
s Shrubs + Scrubs 1.3 11.4 3.2
s_Sali Salix caroliniana 1.7 7.8 0.2 0.8 0.1 0.2 5.4 2.2 4.4 3.0
s_Sali_h Salix + Herbaceous 0.7 3.3 1.2 2.5 2.1 2.6 1.6
st Shrubs and Trees 0.1 0.2 0.5 0.1 0.0 0.1 0.6 0.0 0.0 0.4 0.3
t_Pinu Pinus elliottii 0.1 0.0
bg Bare Ground 0.0 0.3 0.6 0.0 0.3 0.1 0.2 16.4 0.3 0.9
TOTAL 100 100 100 100 100 100 100 100 100 100 100
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Table 7. Vegetation class cover of nuisance species by restoration area.  Res. = restoration; Ass. = assessment; Yr. = year; Ac. = acres; T = 
Typha domingensis, S = Salix caroliniana, max. = maximum, min. = minimum, Trg. Dev. = target deviation indicating limit exceedance 
when positive; Adjusted values are calculated from nominal cover adjusted for net bias in the accuracy assessment (commission–omission 
errors). Net bias for Typha was 16.3% and net bias for Salix and scrub/shrubs was -3.0% (Table 4).  Target deviation is the difference 
between the combined percent cover of all nuisance classes and the maximum allowable target value.  
 
 
Target Typha Salix Trg.Dev.
Res.Area Ass.Yr. Yrs. Level Ac. max. % Ac. % Ac. % Σ Ac. % Adj.Err. Adj.Err. Σ Ac. % %
1989 2013 24 IV 51.9 15% 3.2 6.1% 1.23 2.4% 4.4 8.5% 5.1% 2.5% 3.9 7.6% -7.43%
1997 2013 16 IV 188.4 15% 5.3 2.8% 20.85 11.1% 26.1 13.9% 2.3% 11.4% 25.9 13.7% -1.26%
1998 2013 15 IV 161.0 15% 1.6 1.0% 2.31 1.4% 3.9 2.4% 0.8% 1.5% 3.7 2.3% -12.71%
1999 2013 14 IV 134.5 15% 0.1 0.1% 1.02 0.8% 1.1 0.8% 0.1% 0.8% 1.1 0.8% -14.17%
2000 2013 13 IV 240.6 15% 0.1 0.0% 0.16 0.1% 0.2 0.1% 0.0% 0.1% 0.2 0.1% -14.90%
2001 2013 12 IV 330.7 15% 0.1 0.0% 0.65 0.2% 0.8 0.2% 0.0% 0.2% 0.8 0.2% -14.77%
2003 2013 10 IV 911.7 15% 35.7 3.9% 72.45 7.9% 108.1 11.9% 3.3% 8.2% 104.5 11.5% -3.53%
2004E 2013 9 IV 660.9 15% 75.0 11.3% 8.70 1.3% 83.7 12.7% 9.5% 1.4% 71.7 10.9% -4.15%
2004W 2013 9 III 169.2 15% 2.6 1.5% 7.33 4.3% 9.9 5.8% 1.3% 4.5% 9.7 5.7% -9.27%
2005 2012 7 IV 999.6 15% 20.2 2.0% 183.26 18.3% 203.4 20.4% 1.7% 18.9% 205.7 20.6% 5.58%
TOTAL 3,848.5 143.7 3.7% 297.97 7.7% 441.6 11.5% 3.1% 8.0% 427.3 11.1%
Typha Salix + s/s Combined Combined
22 
 
 
Table 8.  Cross-tabulated vegetation classes of field survey plot labels (columns) and scaled remote 
sensing vegetation detection analysis (rows).  Classes follow the SFNAVC schema. 
 
  
 
Table 9.  Cross-tabulated vegetation classes of field survey plot labels and scaled remote sensing 
vegetation detection analysis by restoration area. 
  
 
  
Class Name C
S
G
C
S
G
P
C
S
H
M
F
M
F
G
M
F
G
P
M
F
G
t
M
F
H
M
F
O
S W
CSG 7 0 0 0 0 0 0 0 0 1 0
CSGP 2 56 0 0 0 5 0 0 0 0 0
CSH 0 2 11 0 0 0 0 0 0 0 0
MF 1 0 0 38 0 6 0 1 0 0 0
MFG 0 0 0 0 43 2 0 0 1 0 0
MFGP 0 11 0 2 1 148 0 0 0 1 0
MFGt 0 0 0 0 0 1 8 0 0 0 0
MFH 0 0 0 0 0 1 0 4 0 0 0
MFO 0 0 0 0 1 2 0 0 27 0 0
S 0 0 0 0 0 0 0 0 0 2 0
W 0 0 0 0 0 0 0 0 0 0 5
Σ 10 69 11 40 45 165 8 5 28 4 5
Class Agreement 70.0% 81.2% 100.0% 95.0% 95.6% 89.7% 100.0% 80.0% 96.4% 50.0% 100.0%
Restoration 
Area
Overall 
Agreement KAPPA
hid 89.3% 85.9%
Res1989 90.0% 81.9%
Res1997 77.8% 52.0%
Res1998 72.7% 53.5%
Res1999 95.0% 84.0%
Res2000 100.0% 100.0%
Res2001 94.7% 89.7%
Res2003 88.6% 78.1%
Res2004East 97.1% 95.7%
Res2004West 88.0% 84.5%
Res2005 84.7% 79.2%
23 
 
Table 10.  Vegetation elevation gradient.  Elevation distribution in meters (NAVD88) is provided by 
aggregated vegetation type across all restoration areas (N = 3,882,633).     
   
Class Name min q1 median q3 max maxDens mean std 
Graminoid Marsh -1.07 0 0.23 0.34 1.01 0.24 0.15 0.26
Typha domingensis -1.17 -0.08 0.15 0.46 1.08 0.21 0.16 0.32
Graminoid Prairie -0.86 0.4 0.52 0.61 1.27 0.52 0.52 0.15
Herbaceous Marsh -1.09 0.14 0.24 0.32 0.97 0.25 0.2 0.22
Scrub/Shrubs -0.36 0.38 0.46 0.53 0.78 0.45 0.44 0.1
Salix caroliniana -0.72 0.36 0.46 0.53 1.08 0.44 0.44 0.13
Shrubs and Trees -0.45 0.47 0.57 0.64 1.08 0.57 0.54 0.17
Bare Ground -0.23 0.19 0.25 0.31 0.97 0.25 0.26 0.12
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Figures 
 
 
Figure 1.  The ten restoration areas (white outline) and corresponding four regions (blue 
outline) mapped with WorldView 2 data of November 6 and 9, 2010; November 19, 2012; 
and September 22, 2013.  RGB band combination of 2010 aerial photography is NIR, Red, 
Green. 
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Figure 2.  Vegetation map for restoration areas 1989, 1997, 1998, 2003, and 2004West. 
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Figure 3.  Vegetation map for restoration areas 1999, 2000, and 2001. 
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Figure 4.  Vegetation map for restoration area 2005. 
28 
 
 
Figure 5.  Vegetation map for restoration area 2004East. 
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Figure 6.  Elevation distribution by vegetation type.  Median is indicated by the small white 
circle inside the violin; the 25th and 75th percentiles by the upper and lower bounds of the 
narrow white box; and the minimum of either 1.5 times the interquartile range or the 
maximum and minimum values of the data by the black lines.  Plot statistics are presented 
in Table 10.  Vegetation types: graminoid marsh (gM), Typha marsh (gM_Typh), graminoid 
prairie (g_pr), herbaceous marsh (hM), scrub/shrub (s), Salix (s_Sali), shrub/tree (st), and 
bare ground.   
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